Determination of allowable pressure, which is one of the important criteria to evaluate the acceptability of pipe bends with shape irregularities, is complex as the analytical solution of the problem involves solution of complex differential equations. Artificial Neural Network (ANN) is used in this paper to determine the allowable pressure ratio for pipe bends with varied range of ovality and thinning/thickening, pipe ratio and bend ratio. A set of numerical data of pipe bends with shape irregularities obtained from ANSYS analysis is used in ANN to obtain a mathematical relationship between various design parameters of pipe bends namely pipe diameter, wall thickness, bend radius, ovality, thinning/thickening and the internal pressure load. The ANN result is in close agreement with the numerical output obtained from ANSYS.
Introduction
Pipe bends are used extensively in power plants to convey fluids and to change the direction of the fluids flowing inside the pipes. Bending of pipes with circular cross section is of considerable importance in the manufacture of boilers and the construction of pipe lines. Although the selection of a pipe bend manufacturing process for a specific case is influenced by several factors the most frequent methods of bending of pipes are bending with a mandrel and without a mandrel. During forming process of pipe bends, the outer fibre of the pipe bends thin down, which leads to a phenomenon known as thinning. The pipe bends also become oval due to manufacturing process (Patel et al, 2004) . The pipe bends with ovality and thinning (shape irregularities) are subject to higher stresses. The ovality and thinning beyond a certain level will impair the safe operation of the pipe bends and the components to which they are attached. The present practice of accepting or rejecting pipe bends is based on the induced levels of ovality and thinning. Hence knowledge of the stresses induced under various loading conditions for varying ovality and thinning is required to determine the acceptability of pipe bends. But many analyses in pipe bends rely on the assumptions of constant wall thickness along the contour of the pipe's cross section and no initial ovality (Cherniy, 2001 , Hyde et al., 2002 , Cherniy, 2003 , Hyde et al., 2002 , Hyde et al., 2005 . Hence, an attempt is made in this paper to determine the allowable pressure in pipe bends with ovality and thinning subjected to internal fluid pressure. A relationship between the allowable pressure and ovality, thinning, pipe ratio and bend ratio was established using ANN. The data obtained from FEM was used to train the ANN in order to establish the relationship. The results of allowable pressure obtained from the equation were found to be in good agreement with that obtained from ASME codes.
Generation of Input Data to ANN

Assumptions made:
The material of the pipe bend is assumed to be homogeneous isotropic. Linear elastic behaviour of the material is considered. The loading of the pipe bend is considered under steady state. Only static stress analysis is carried out. The pipe bend is also assumed to become a perfect ellipse after bending. The thinning is considered to be equivalent to the thickening. The major axis of the elliptical shape of pipe bend is assumed to be perpendicular to the plane of bending of pipe bend. The minor Veerappan * and S. Shanmugam / International Journal of Engineering, Science and Technology, Vol. 3, No. 4, 2011, pp. 284-296 285 axis of the elliptical shape of pipe bend is assumed to be in the plane of pipe bend. The pipe bend is assumed to be smooth, without ripples and flattening.
Definitions of shape irregularities:
The following definitions [Nayyar, 2000 , LI Xue-tong et al, 2006 , Jochen Weber et al, 2005 in brief are presented in brief with reference to the Fig. 1 . They are all self explanatory. 
Substituting Eq.4 and Eq.5 in Eq.1 and then rearranging to obtain
Since the per cent of thinning/thickening of the bend is known, the maximum and minimum thickness at the intrados and extrados respectively are calculated using Eq.2 and Eq.3
Determination of maximum stress intensity:
The pipe bend section is created with the values of X, t max and t min using line and area commands. Both ends are closed with straight lines and since the section is symmetric only one half of it is modeled. The created areas are moved along x axis to a distance equal to bend radius R ( Fig. 2 (a) ). In order to generate the finite element mesh optimum number of elements in each of the models are found by trial and error method. The model is first meshed with auto generated PLANE 82 elements. Symmetric boundary constraints on the symmetric section are applied. Internal pressure load on the pipe bend inner surface is applied. Fig.2 (b) shows a typical finite element model with internal pressure load and boundary conditions. The model is solved for stress intensities after supplying the material properties. The nodes in the intrados, neutral and extrados sections are located and the stress values at these nodes are extracted. Veerappan * and S. Shanmugam / International Journal of Engineering, Science and Technology, Vol. 3, No. 4, 2011, pp. 284-296 The number of elements is then increased and the ANSYS (ANSYS inc., 2009) run is made. Fig. 3 shows the typical stress values at the three different sections of the model with the number of elements. It can be seen from the figure that the membrane and bending stresses decrease at the intrados and extrados and they converge when the number of elements is 3600 beyond which the stress has not decreased. The difference between successive stress intensity values has been kept at 10 -3 MPa. The membrane stress at the neutral section also converges when the number of elements reaches 3600 while the bending stress at this section increases and converges when the number of elements is 1600. The three stress intensities have hence not changed beyond 3600 elements. The allowable pressure ratio at the intrados, neutral and extrados sections based on ASME code is calculated and the maximum allowable pressure ratio for the geometry is determined. The above procedure has to be repeated for getting data on the stress intensity at different sections on the model even if a change is introduced in any of the geometry parameters. Creation of models and computation of FEM results are definitely very cumbersome and time consuming whenever pipe bend geometry parameters are changed. With the application of ANN, the need for model creation and analysis for the desired set of inputs is eliminated. Besides, knowing the pipe bend geometry, the maximum allowable pressure can easily be determined.
Problem parameters:
Pipe bends with specified shape and material properties are used (Table 1 ). The bend radii considered are 101.6 mm, 152.4 mm, 203.2 mm and 304.8 mm and tube thickness considered are 6.02 mm, 8.56 mm, 11.13 mm, and 13.49 mm (ASME, 2004) . The values of thinning (and thickening) and the ovality considered are: 0%, 4%, 8%, 12%, 16% and 20%. 
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Determination of allowable pressure ratio:
The acceptability criteria used in the pressure vessels industry to evaluate the results of finite element stress analysis are as per ASME (ASME Section VIII, 2008, ASME Section I, 2008, ASME Power Piping,
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(13) The local membrane stress P L is absent in the case of pipe bends with internal pressure. Hence Eq. (10) is not applicable. As the stresses induced due to internal pressure in pipe bends is primary in nature, the stress Q is absent. Hence Eq. (12) is not applicable. As the pipe bend considered is subjected to 10000 fatigue load cycles, the allowable range of fatigue stress intensity is, as per ASME code, equal to twice the allowable stress (S a ) i.e., 2 x 275 = 550 MPa. This is not governing in the present stress analysis. Hence Eq. (13) is not governing. It is therefore required to consider Eq. (9) and Eq. (11) only in the present analysis.
Using the above acceptability criteria, the non-dimensional parameter -P/S m are calculated as illustrated below. Since k = 1 for normal loads, from Eq. (9), m S m P < (14) Multiplying Eq. (14) by P and then rearranging it to obtain 
The primary membrane, bending and peak stress values are obtained for all possible combinations of pipe bend geometry parameters. A typical value of these stresses are presented in Table 2 . The table also shows the allowable pressure ratio calculated for each combination of ovality and thinning. 
Artificial Neural Networks Figure 4. Information processing in artificial neural network
Artificial neural networks which are one of the most powerful computer modeling techniques are currently being used in many fields of engineering for modeling complex relationship ( Ezugwu et al., 2005) . Few published work is available in pipe bends using the technology of ANN. ANN has been used (Yu-Lin et al, 1996) to evaluate the failure bending moment full-scale pipes under internal pressure and external bending moment. The present study is on the application of ANN in modeling the relationship between the allowable pressure ratio and ovality, thinning, pipe ratio and bend ratio in pipe bends that are subject to various internal pressures.
The ANN modeling is carried out in two steps. The first step is to train the network whereas the second step is to test the network with data which were not used for training. As in nature, the network function is determined largely by the connections (weights) between elements. Fig. 4 shows how information is processed through a single node. The node receives weighted activation from other nodes through its coming connections. First these are added. The result is then passed through an activation functions, the outcome being the activation of the node. For each of the outgoing connections, this activation value is multiplied with the specific weight and transferred to the next node. A training set is a group of matched input and output patterns. This is used for the training of the network, usually by suitable adaptation of the synaptic weights. The outputs are the dependant variables that the network produces for the corresponding input. It is important that all the information that the network needs to learn is supplied to the network as a data set. When each pattern is read, the network uses the input data to produce an output, which is then compared to the desired output. If there is a difference, the connection weights are altered in such a direction that the error is decreased. After the network has run through all the input patterns, if the error is still greater than the maximum desired tolerance, the ANN runs through all the input patterns repeatedly until all the errors are within the required tolerance. When the training reaches a satisfactory level, the network holds the weights constant and the trained network can be used to take decisions, identify patterns, or define associations in new data sets not used to train it (Kalogirou, 1999 , Kalogirou, 2000 , Kalogirou, 2001 .
The P/S m values obtained from ANSYS are used to train the ANN. The inputs to the network are thinning, ovality, R/D and D/T and the output is P/S m . The back-propagation learning algorithm is used in a feed-forward, single hidden layer network. Tansigmoid transfer function is used as the activation function for both the hidden and output layers. Levenberg-Marquardt Backpropagation (Li Zhang & Ganesh Subbarayan, 2002 , Christian Kanzow et al, 2005 training is repeatedly applied until satisfactory training is achieved. The Tan -sigmoid transfer function takes the form, ( 1 7 ) where x is the weighted sum of the input. The log-sigmoid transfer function is given by
The computer program is performed under MATLAB environment using the neural network toolbox. The data obtained from ANSYS for P/S m are 576 of which 500 data are used for training purpose while the remaining are randomly selected and used as test data. The results showed good agreement thereby justifying the accuracy of the network. Fig. 5 shows the architecture of the ANN used for allowable pressure ratio prediction. The configuration 4-18-1 appears to be optimal for this application. Veerappan * and S. Shanmugam / International Journal of Engineering, Science and Technology, Vol. 3, No. 4, 2011, pp. 284-296 291 Figure 5. ANN model used for P/S m
The network has been chosen in such a way that the maximum error is within 5% and the average error and standard deviation are within 1%. Network training is started with one hidden layer and four neurons and the neurons were increased until the desired level of tolerance as mentioned above was reached (Fig. 6) . Science and Technology, Vol. 3, No. 4, 2011, pp. 284-296 292 * and S. Shanmugam / International Journal of Engineering, Science and Technology, Vol. 3, No. 4, 2011, pp. 284-296 293 ( The Tan sigmoid and Log sigmoid non linear functions have been tried for their suitability as network functions for the data. The tan sigmoid function is used since it is found to have a lower standard deviation as shown in Fig. 7 while Fig.8 shows the decrease in the mean square error during the training process. The comparison of the output of ANN and FEM is presented in Fig. 9 . Veerappan * and S. Shanmugam / International Journal of Engineering, Science and Technology, Vol. 3, No. 4, 2011, pp. 284-296 294 
Results and discussion
To calculate the allowable pressure ratio (P/S m ), mathematical formulations have been derived from the resulting weights and activation functions used in ANN. As the coefficients obtained for both the training and testing of the ANN are extremely good, the results obtained can be assumed accurate. In the following formulas, terms A 1 to A 18 represent summation function of each neuron of the hidden layer, These coefficients represent the weight values of the summation function of each neuron belonging to the hidden layer of the trained network. For this purpose, and for the case of P/S m solution, eighteen equations are required as the neural network model has eighteen hidden neurons. In the output neuron, only one summation function is used, as only one output parameter exists which corresponds to allowable pressure ratio (P/S m ).
In order to calculate the P/S m ratio the following equations are derived. 
Conclusions
The ANN is used to determine the allowable pressure ratio for pipe bends with shape irregularities subjected to internal pressure load. Equations have been derived from ANN, which eliminates the entire procedure of model creation and analysis in ANSYS to determine the allowable pressure ratio. In addition, known the pipe bend geometry, estimation of the allowable pressure can be done without prior knowledge of the concepts involved. This procedure can be extended to determine the allowable pressure for any set of inputs. Known the pipe bend geometry, calculation of allowable pressure will give an idea if the pipe will operate safely with the induced levels of ovality and thinning and hence the existing practice in industry to accept or reject pipe bends based on piping codes based on ovality and thinning can be improved. The present analysis can be extended to generate equations for a wide range of pipe and bend ratios to generalize the procedure further. For pipe bends, the acceptability results determined by neural network are in close agreement with the allowable pressure ratio calculated by the ASME code.
